speed-related crashes were fatal crashes. According to an NHTSA report in 2008, 90% of traffic accident fatalities in South Dakota occurred in rural areas, and the state fatality rate of 2.3 per 100 million vehicle miles traveled was higher than the national average of 1.5. South Dakota had the second-highest fatality rate in the nation in 2003 and 2004, according to the latest NHTSA figures (3). Widely varying roadway conditions in rural states complicate the analysis of their associated safety risk. Figure 1 shows how crash data vary across South Dakota. As is apparent from the map, crash counts and rates vary greatly among rural counties. The rates also vary more in rural counties than in South Dakota's two urban counties (i.e., Minnehaha County, the third southernmost county along the state's eastern border, and Pennington County, the third southernmost county along the state's western border).
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Recent improvements in computer-based data and geographic information system (GIS) techniques make the implementation of a data-driven approach simpler than in the past. Highway safety programs, however, have not taken advantage of these advancements to the fullest extent, largely because of data inaccessibility and difficulty in implementing the methods on a wide scale. Recently, several tools have been developed to facilitate the analysis of safety risk on roadways. Each provides a unique approach to identify highway safety risks, as described in the paragraphs that follow:
• Highway Safety Information System (HSIS) GIS Safety Tools implement GIS safety tools provided by the HSIS and use several screening techniques to analyze data. The tools include intersection, segment, and a method to analyze segments on the basis of the sliding window. FHWA created the prototype and implemented it in North Carolina. This safety performance measure relies primarily on raw crash counts, not crash prediction models (4) .
• (1) . Although the geographic size of this rural area is enormous, rural counties, towns, and villages are less likely than other areas to have sophisticated resources dedicated to road maintenance and safety, which makes them more vulnerable to ineffective use of limited funds targeted to reduce crashes. Limited resources, furthermore, call for the careful selection of projects to maximize the return on investment in safety funding. South Dakota is a typical rural state, which consists of 66 counties and nine tribal governments. The entire state covers 77,121 mi 2 , and its cities, villages, and towns are connected by 83,744 mi of highways, most of which are rural and two-lane. South Dakota has a population of only 754,844, or 9.9 persons per square mile. Given the enormous geographic size of the state, drivers in South Dakota are more likely to travel a long distance on roadways that have a speed limit of 55 mph or higher (2) . Crash data show that 47% of data, SafetyAnalyst includes the minimum set of data elements required, including crash, traffic, and either roadway segment, intersection, or ramp data. To meet even the minimum data requirements, however, considerable data collection effort is needed, as well as some substantial data assembly and formatting (5) . Implementation of SafetyAnalyst is progressing in different stages in several states. Some have implemented the tool on a statewide basis, some have introduced the tool in pilot programs within a limited number of jurisdictions, and some are still evaluating associated data needs and requirements. At the time this paper was written, the related software was expected to become a licensed AASHTO product in fiscal year 2010, with a user fee probably required (5) . Each of the tools described above has advantages and disadvantages. None meets the unique objectives and accommodates the existing data maintained by the state of South Dakota. On the basis of the challenges that rural agencies face, South Dakota GIS Highway Safety Review (GIS-HSR) tools were designed to meet the following objectives:
1. Develop a data-driven, systemwide method to identify highrisk, rural roadway segments; 2. Provide a method on the basis of a model to determine roadway safety risks; 3. Implement GIS techniques to analyze data spatially; 4. Provide a user-friendly interface for practitioners; and 5. Provide a custom integration for South Dakota data and needs.
DATA AND DATA CHALLENGES
Implementation of a data-driven approach presents several challenges, primarily associated with data availability and quality. The most detailed data available will provide the most accurate safety screening results. Existing motor vehicle crash data, traffic volumes, geometric, and other roadway attributes were used to balance data needs with data availability. The various data sources used in the study were maintained by the South Dakota Department of Transportation (DOT) and by the South Dakota Department of Public Safety (SDDPS). South Dakota DOT provided the geometric characteristics and traffic volume data. The data included basic pavement information (e.g., width, type, shoulders), usage information (e.g., functional class), horizontal and vertical curve information, and traffic data. SDDPS maintains crash data, all of which are stored in a GIS format. These could be spatially related to the South Dakota state trunk network, which facilitated the location-specific safety analysis. The crash data for development of the tool included, but were not limited to, crash location, date, manner of collisions, severity, and relationship to intersection. A 5-year crash data set from the years 2004-2008 was used.
Although all of the data were in a GIS format, the resolutions, referencing systems, and temporal or spatial gaps between distinctive data sources were different, which created hurdles. To integrate the data for use in the screening tool, the first step was to develop a method to aggregate the data into a single file. The ArcGIS geoprocessing tools, created by the Environmental Systems Research Institute (Esri) in Redlands, California, were vital in the processing of the data (6). Data were presented in either point or linear shapefiles, and each shapefile type posed a unique challenge.
Curve information was presented as points, which were referenced to the location of the point of intersection for each curve. Frequently, points of intersection were not located exactly on the roadway segment. To resolve this issue, a spatial join was used. A buffer of 150 ft was applied to ensure that points were appropriately associated. The buffer distance of 150 ft was determined to maximize the number of points properly associated yet avoid false associations.
Traffic information and basic segment information were stored as linear shapefiles. The geometry of these files did not match, which complicated their integration. This problem was resolved by using the linear referencing tools in ArcGIS. A multistep process, as shown in Figure 2 , was used to aggregate the segment data. A linear referencing route was created by using the base data; an event table was then created for both the base and traffic data. The overlay tool was applied to create a table that contained new segments broken at the endpoint. When the overlay table is prepared as an event layer, the final geometry is plotted along the route created.
METHODOLOGIES Crash Prediction Methodology
Traffic safety studies show that the causal factors of a crash can be identified through a well-designed regression model. In other words, the inherent safety performance of a roadway segment or an intersection can be reflected through the attributes correlated to the outcomes (i.e., crash frequency and consequence). Safety performance functions (SPFs) developed through advanced statistical modeling can identify the reliable correlation between crashes and roadway conditions and their effects on crash occurrences from a large sample of entities. SPFs can also quantitatively describe the relationship between the number of crashes per year (and per mile if a road segment) and a measure of exposure. By using a weight factor, the long-term mean for site safety performance can be obtained by using the empirical Bayesian (EB) method (7 ) as where m = long-term mean of a site, W = weight factor that depends on the SPF value and reliability of the crash prediction which is expressed as an overdispersion parameter k, F = crash frequency for a site, and µ = predicted number of crashes at the site. where traffic exposure = vehicle miles traveled (VMT), annual average daily traffic (ADT), or segment length; X 1 , X 2 , X 3 , . . . = crash contributing factors or attributes correlated to crash occurrences; and β 1 , β 2 , β 3 , . . . = unknown coefficients to be estimated. The state-of-the-practice distribution considered for modeling crashes is Poisson-gamma (or negative binomial). Poisson-gamma models can easily handle the crash data overdispersion through its variance and mean relationship, which are expressed as V(µ) = µ + kµ 2 , with k as the overdispersion parameter. In this study, y i denoted the number of crashes at site i and the distribution of y i , conditional on its mean µ i , was assumed to follow a Poisson distribution independently over sites.
The log link function is defined as where VMT = traffic exposure in 1 million vehicle miles traveled, X i = vector of continuous variables, Z i = vector of categorical variables, α, ␤, ␥ = regression coefficients (bold represents vector), and ⑀ i = unstructured random effect independent of X i and Z.
The Poisson-gamma model is specified by assuming that exp(⑀ i ) follows a gamma distribution independently. The unknown parameters and overdispersion factor k can be estimated with statistical software packages such as GENMOD in SAS (8) or glm.nb in R (9).
Sliding Window Algorithm
A sliding window algorithm was implemented to provide screening along continuous roadway segments. The algorithm screens highways with a window of 1 mi. Crashes that occur within each window are counted and categorized by crash severity. The window is then shifted by 0.1 mi, and the crashes in the new window are counted ( Figure 3 ).
Safety Metrics
Three classes of performance measures are proposed in Table 1 for identification of high-risk locations. The raw crash rate was included to maintain consistency with existing procedures. The EB method was used to calculate a more accurate method of identifying the safety risk at a location. The excessive crash count is provided as a supplemental risk identification factor. Each measure can be calculated either on the basis of a segment (predetermined and homogeneous segment) or on the basis of a window (sliding window of 1 mi). The raw crash rate for an individual window is the first performance measure. Crash rates are a historical performance measure and have been commonly used by many practicing professionals. The highest crash rates can then be ranked, and those locations can be identified as high risk. The traditional, simplistic crash count method (or rate) used by many agencies is included, although this method provides a less stable indication of safety than do many other methods.
EB crash count performance measure is the estimate of the longterm mean on the basis of the EB method. Locations with high EB crash counts or normalized crash rates can also be targeted for improvement. The EB crash rates should indicate locations with high risk on the basis both of history and predicted crash conditions related to roadway conditions. The performance measure is applied both to individual windows and entire segments. The excessive crash count is shown in Figure 4 . The number of crashes that occurred more frequently than predicted could be an indication of a unique situation, which would need to be investigated. The difference between the actual crash count and the SPF was an indication of the unexplained increased risk at a location. The difference does not, however, provide an indication of how many crashes actually occurred on a roadway segment. It is not therefore a substitute for the EB but a supplement to encourage more efficient use of highway funding. The segment-based difference describes the raw difference between the number of crashes along a segment and the SPF-calculated crash count. The window-based difference could be calculated by integrating all differences between the actual crash count and the SPF for all the window points along the segment.
Through the use of these methods, lists of high-risk locations could be generated. Inclusion on multiple lists indicates confidence that a specific location is high risk. These locations can then be targeted for safety improvements.
GIS-HSR TOOLS PROCESS
The GIS-HSR tools were implemented in a Python script, by using ESRI's ArcGIS geoprocessing framework. These comprehensive tools were designed to quickly identify high-risk locations by using a datadriven methodology. The workflow of the tools is shown in Figure 5 . The tools were used to perform the following four distinct steps: 1. Join and filter geometric and traffic data into a single file. The South Dakota DOT provided data in a variety of formats and files. To calculate predicted crash counts, all information needs to be in a single table. Spatial joins were required to link the data to the basic segments. Traffic data were stored in a line work shapefile, which did not, however, accurately match the underlying geometric shapefile. In many locations, the line work did not match the actual surface conditions, and endpoints were frequently not the same as the ends of the basic geometric segments. Thus, the basic segments needed to be split, where either the traffic data or geometry data line work ended. The curves (both vertical and horizontal) were stored as point shape files, located at the point of intersection. These data needed to be associated with a unique link by using a spatial join (run though ESRI's geoprocessor).
Crash data also were filtered in this step. Animal-and intersectionrelated crashes were discounted during this step by using a TRUE value in the Is Wild Animal Related field. Animal-related crashes were discounted, because they are difficult to prevent through engineering improvements. Intersection crashes were discounted by spatial selection of crashes. Crashes within a 150-ft buffer were considered to be intersection related. Such crashes were discounted because the analytical techniques applied were not intended for intersection analysis.
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The crash data were then spatially joined to the segment to calculate the EB statistics by using Equation 1. 2. Predict crash counts. These counts were calculated for each homogeneous segment by using the appropriate equation in Table 2 . These values were on the basis of the geometric and traffic conditions along a given link.
3. Use a sliding window to calculate both crash count by severity and the predicted crash count on the basis of the developed SPFs. A 1-mi window (with the exception of the end of a roadway) incrementally increased by 0.1 mi. The sliding window code developed was designed to work within the existing infrastructure provided in ArcGIS.
Information about the roadway was added to the sliding window through a spatially weighted average. A spatially weighted average was used to account for heterogeneous segments. When the expected crash rate changed as a result of changing roadway or traffic conditions, the change needed to be reflected in the sliding window. The value used for the window was calculated according to Equation 5 . The spatially weighted average of the predicted crash counts was used to determine the EB prediction of safety in the next step. When SPF values are used directly as a metric of safety, segment-based calculations also should be used. where SPFwin = SPF value for window, SPF1, SPF2 = SPF value for first and second segments, l1, l2 = length of first and second segments within window, and L = window length.
The sliding window algorithm uses two tables to create windows: (a) a located event table, which contains a route identifier, a measure (displacement from the start of the roadway), and the crash data; and (b) a table that contains route identifiers, the endpoint measures needed to establish the limits of analysis, and the roadway data. The algorithm dynamically creates windows on the basis of the input. This process allows any size window or increment to be used by modifying a parameter (within the code). The sliding window algorithm calculates the limits of each window and then counts the crashes within the window. In the basic tool, crashes are categorized by severity but can readily be extended to any other field that contains a coded value, such as crash type.
4. Calculate additional performance indices on the basis of both the link and the window data. Crash counts and rates are calculated to relate to the historical viewpoint for the location and provide continuity to previous techniques. An EB prediction of the mean crash count for each location is also calculated. The EB method is the most reliable and the primary performance index calculated. The deviation from the predicted crash count is calculated to identify locations where the SPF is too unreliable to accurately capture safety risks. The deviation is calculated as both the segment difference and the window difference. Large, positive values indicate locations that may be of special interest.
While the tool was under development, its computational performance was a major concern. Early tests indicated that it would require
more than a week to process the entire state of South Dakota by using a 5-year data set. To improve analytical performance, the assessment process was altered, so that the state was assessed in smaller sections, namely, the 12 areas that coincided with the South Dakota DOT's existing administrative areas. Once this was done, tool performance improved significantly; only a single day was needed to perform analysis with a personal computer. Analysis time is believed to be associated with a nonlinear processing time requirement when large data sets are passed to the Esri geoprocessing tools within Python.
GIS-HSR TOOLS INTERFACE
Tool interface was implemented through the ArcGIS ArcToolbox (6) . This interface provides a user appearance, which is consistent with other tools provided in ArcGIS. The use of the tool requires a nominal familiarity with ArcGIS desktop from a user perspective. Figure 6 shows the dialog interface. Each individual component of the tool is included in the ArcToolbox. Most users interact with the basic tool by zone as described below:
• First, the location that the tool will use to store the output and interment data must be specified.
• The roadway features variable is an Esri shapefile, which contains segment data with basic geometric data maintained by the South Dakota DOT.
• SDDPS-maintained crash data are stored in a shapefile with points for each crash. Each individual year is contained in a single file. The tool counts the number of files to determine the study period and uses the total to calculate VMT and crash rates.
• The intersection features variable requires a point shapefile used to remove intersection-related crashes.
• The variable vertical curve features uses a point shapefile maintained by the South Dakota DOT. • Horizontal curve features also are contained in a point shapefile maintained by the South Dakota DOT.
• The traffic features file contains ADT and truck ADT stored in a linear shapefile. This file is maintained by the South Dakota DOT, and contains line work drawn to provide symbolic representation of the roadway.
• Zone features is a polygon shapefile, which is used to break apart the study. The zone name field in this file contains the name of each polygon, which is used to identify the output files, and is used to improve the performance of the algorithm. Typically, this file applies to the South Dakota DOT regions and is used for administration.
The tool was designed to simplify user interaction. Although complex processing is performed, after a user specifies the input files, one click of the OK button will start the analysis without further user interaction until interpretation of the results is desired.
OUTPUT
The output of the algorithm is an Esri personal geodatabase. Figure 7 shows how the output data are organized. The input data are split and stored in individual folders within the output folder. All interim data and the final output are contained within the geodatabase for each zone.
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• The Road_Route file contains the linear referencing information needed for ArcGIS to plot the windows on a map.
• The Windows • The segments file contains data on the basis of each homogeneous segment. Each individual homogeneous segment is to be a separate record. Such segments are not necessarily the same as the segments provided by the South Dakota DOT. Segments are broken at either a change in ADT (as provided by the South Dakota DOT) or a change in roadway geometry. Actual crash counts, SPF values, and EB values are included in this table.
APPLICATION
The output provided by South Dakota GIS-HSR tools provides substantial information, which can be interpreted on the basis of the safety metrics outlined above. The three classes of safety metrics provide substantially different results. The results were mapped on a statewide level (Figures 8-10) . The results were similar for analyses on the basis of the window and on the basis of homogeneous segments. When an individual segment was examined, however, the sliding window pro- vided a greater resolution for crash rate calculation. The sliding window was useful for identifying individual spot locations that merited improvement. In this paper, only the window results are discussed. The segment-based methods could be examined, however, by using the same procedures. Examination of the raw crash rate calculation (crash rate with no statistical modification) from the sample South Dakota data indicated that the area near Rapid City (in west central South Dakota) had high crash rates. The northwestern corner of the state also experienced higher crash rates than the state average, a finding which might prompt examination of both areas in greater detail.
In comparing the raw crash rate map to the EB crash rate map, it became apparent that many locations might be overlooked by using the crash rate method. The EB method is generally accepted as a more accurate method of determining the safety risk at a location. An examination of the sample data set showed that, in general, western South Dakota contained higher safety risks than the state average. Several additional high-risk locations were identified in central and eastern South Dakota. These locations can be identified by the darker spots on the appropriate map in Figures 8-9 . The excess crash count results were an independent measure of safety. The window-based excess crash count revealed shorter segments in which the numbers of crashes were significantly higher than the predicted crash count. The excess crash count method indicated a safety risk along the eastern edge of South Dakota. This location did not indicate high safety risk, however, when either of the crash rate methods were applied. The window-based excess crash count method also indicated that several major corridors were performing better than expected. Despite this result, these locations should not be ignored if other methods indicate that problems exist, say, at I-90 near Rapid City, South Dakota.
CONCLUSIONS
The South Dakota GIS-HSR tools provide a data-driven approach to the identification of locations where the risk of vehicular crashes is high. Using the tools requires basic user input and interaction along with minimal data and implementation of a systemwide application. The tools were designed to address the rural environment, and they are attuned specifically to the available data sets in South Dakota. The general architecture and design of the tools are valid, however, in any location.
GIS-HSR tools implement a sliding window method to provide a fine resolution in the identification of specific crash locations. By identifying hotspots completely independent of the existing segments, this method allows for any portion of a segment, or multiple segments, to be identified as a high-risk location.
South Dakota GIS-HSR tools provide multiple methods for identifying high-risk locations. Crash rate data are provided to maintain consistency with many existing techniques. Two predictive techniques are provided. The EB method is used to calculate a statistically based estimate of the safety in a location and accounts for roadway characteristics in its determination. The excessive crash frequency is calculated to identify locations where the provided models are poor estimates of the crash frequency. When applied to the South Dakota sample data set, the algorithm performed as expected and produced results that were useful for identification of high-risk locations in South Dakota.
